Abstract-On aging there is a decrease in the cognitive functions of the brain which can result in behavioral anomalies such as wandering and susceptibility to fall, typical of patients with Alzheimer's disease. In order to learn how to manage patients with cognitive impairment it is necessary to non-intrusively monitor brain activity in conjunction with body movements. To facilitate the translation of insights derived through wireless monitoring into robust strategies for crisis prevention and management, we provide a preliminary assessment of a patient monitoring infrastructure, and we discuss related issues and challenges.
INTRODUCTION AND MOTIVATION
The Alzheimer's disease (AD), which is one of the most common neurodegenerative disorders of the aging human brain, is clinically characterized by early memory deficit and by progressive cognitive and functional disorientation [1] . In addition to cognitive impairments, AD subjects are prone to mobility problems such as falls [2, 3, 4] . The critical incident chart of [5] for the year 2008 shows that 36% of the incidents are fall-related, of which 50% of them are sleep-related. Falls in elderly/AD subjects cause injuries such as hip fracture and head injury, leading to impaired mobility which further complicates the care-process. Besides fall incidents, the AD subjects are also prone to potentially dangerous behavior such as wandering. Hence they require 24/7 monitoring care, imposing a heavy burden on the healthcare process. Since the family members and/or the care-givers cannot keep constant monitoring of the patients' activities around the clock, remote monitoring of AD subjects becomes a necessity in their healthcare process. Our study here focuses on monitoring the patients' behavior to understand the correlations between physiological and cinematic data. The aim is the development of enabling technologies that can be used to improve the patient care process, to manage the patient during critical episodes and, in some cases, to prevent falls (e.g. while in bed).
The types of surveillance cameras that are currently used for continuous patient monitoring have many limitations. The cameras installed in the subject's home or room have limited coverage area and hence the subject cannot be monitored if he/she moves out of the coverage zone. The privacy of the patient is also compromised. The approach used in [4] for patient monitoring tracks body movements along with sound data in order to detect falls in AD subjects. Though this approach is efficient if compared to similar systems, it is also complicated by the processing of sound data that may or may not be related to the movements of the patient.
Existing solutions, such as the one mentioned above, are all reactive. Though a well established correlation exists between the signals from the portions of the brain that control the body movements and the motion, the usage of such link for the development of proactive solutions has never been explored. What we propose here is a proactive patient monitoring system. The unique attribute in our approach is the use of personalized biomarkers that are derived from multi-threshold measures of the brain-activity and the body movements. The monitoring process involves active capture of brain and body movement signals, signal analysis, data communication, context-aware intelligence, prediction and warning processes. On the above basis, the brain activity and the body movements of the AD subjects are monitored to send alert signals to the nurse call system before certain types of fall happen, such as those from bed during sleep.
The discovery of the rapid eye movement (REM) by Aserinsky and Kleitman in 1953 [6] contributed to a fundamental reconceptualization of sleep, which previously was thought to represent a passive process occurring when afferent sensory information was inadequate to maintain wakefulness. In contrast, the brain during REM sleep becomes metabolically and electrically activated with electroencephalograph (EEG) frequencies approaching those of wakefulness [6, 7] . Aserinsky also discovered that REM is associated with EEG activity, as well as changes in respiratory and heart rate. The study in [8] has established some correlated functions of brain activity for sleep and wakefulness obtained from EEG and REM signal analysis. The 1-13 Hz signals of EEG/REM can be monitored to derive threshold values that, in turn, could be used to possibly detect activities leading to falls during sleep.
To obtain a non-intrusive patient monitoring system, we require a computing infrastructure that can sense the environment and make timely, intelligent, context-sensitive decisions. Pervasive computing (PerC), which is very environment-centric, provides such seamless computing and transparent interaction among small handheld PDAs, wearable devices and sensors, so that 24/7 comprehensive patient monitoring can be done [9] . Intelligent environments are a prerequisite for providing objective, real-time, and continuous assessment of patients. Wireless sensor networks (WSNs) [10] , which are networks composed of small and inexpensive nodes equipped with sensors, enable non-invasive and nonintrusive patient monitoring. Generally, WSNs have a number of challenges and limitations. WSNs are often subject to slow response-time, energy constraints, and limited computing power. Several research initiatives are conducted around the world to find solutions to these challenges in different pervasive applications. Yet many problems still remain unresolved. Some of these issues and challenges to be addressed in patient monitoring are discussed briefly in section V.
Details of a concept prototype are given, for a proactive solution to manage certain types of fall in the AD patient care process. More in detail, we monitor the brain activity of an AD subject by capturing EEG/REM and his/her movements unobtrusively (made possible by miniature sensors built into a small device worn by the patient). The captured signals are compared to find relationships between the brain activity and the body movement schemes. From test results, the body movements will be classified as those prone to fall or not. Working models will then be established, correlating brain activity and body movements that could potentially lead to fall in the system, to generate warning signals. Learning techniques incorporated in the system will improve the system performance by preventing false alarms as much as possible.
The paper is organized as follows: the overview of the patient monitoring system is explained in Section II; the proposed system architecture along with the architecture functions is given in Section III, followed by description of context-aware recognition in Section IV.
Some open issues and challenges are discussed in Section V, while Section VI draws the conclusion.
II. PATIENT MONITORING SYSTEM
The high-level view of the patient monitoring system is shown in fig. 1 . Here we capture the EEG/REM signals along with the patient's body movements using wireless sensors/biosensors while AD subjects sleep/wander, to measure the brain physiological signal activities present before a fall or crisis situation occurs. The electro muscle strength (EMG) signals from the chin are also captured for reference in the analysis. From spectral analysis of these signals, the corresponding signal elements triggering a crisis are identified. Personal biomarkers derived from the patient's baseline EEG are used to derive threshold measures. Captured values above or below this threshold are used to generate alert or warning signals for preventive measures. Following are the algorithm steps for AD patient monitoring: 1) At first, the AD patient's body sensors are authenticated to connect wirelessly to the base station and/or the access point.
2) The brain activity of the patient is monitored in realtime by capturing EEG/REM/EMG signals. The signals captured are compared with estimated threshold measures for abnormal brain activity related to a possible crisis.
3) Along with step 2, body movements are also monitored by using the data captured by wireless sensor nodes. 4) A learning system, which comprises a data mining subsystem, uses rule-based system intelligence to detect if the subject is passing through an anomalous situation. This is done by analyzing the captured movements and the brain activity and comparing them with previous data. 5) A warning system decides if an alert should be sent on the base of the outcome originated by the learning system. 
III. SYSTEM ARCHITECTURE
The system follows a conventional 3-tier architecture: a body sensor network (BSN), running the patient monitoring application, is connected to a gateway server (GS) through wireless access points. The GS residing in the hospital/care-centre/home is connected to the main hospital information system (HIS) where the patient history data and the data mining tools reside. A middleware infrastructure supports distributed interaction among the system components. The details of the architecture components are as follows:
A. Monitoring the brain activity and the body movements Contemporary recording of EEG signals using the 10-20 system requires at least 10 electrodes placed on the scalp to measure: FP1, FP2, F7, F8 (frontal); C3, C4, Cz (central); T3, T4 (temporal) and O1, O2 (occipital) regions of the brain signals [12] . Acquisition of body movement and position will be characterized by a low grade of intrusiveness. The system can be developed using different wireless technologies and active sensors. WSN nodes (such as TMote Sky produced by Moteiv) have been equipped with tri-axial accelerometers and, thank to their small size, they can be easily attached to the patient's body. Through the accelerometers, they can record and classify movements, to monitor the patients' functional status and to detect anomalous patterns preceding a crisis. Acceleration can be sampled with a high rate (40Hz), while transmission can be limited to the relevant cases (when acceleration exceeds a given threshold). Alternatively, nodes can be positioned on the bed frames so that body movements can be detected when the line of sight between them are cut. Data originated by these nodes are transmitted to the HIS through the GS where they can be analyzed, stored, and integrated with data coming from other monitoring subsystems.
B. Middleware
The middleware handles quick and reliable communication of the captured data to the HIS server, which is critical for real-time patient-monitoring. It uses a virtual communication manager that manages the communication from the application to the gateway server. There are two types of communication required by the system: a) the communication of the data captured by the monitoring application to the GS and b) the communication of the warning signals from the GS to the mobile nodes of the care-givers, and the nursing call systems (NCS). Communication between sensor nodes and the GS is bidirectional: the uplink is used by nodes to transfer the movement data to the GS, while the downlink is used by the GS to send the nodes the thresholds that have to be used for the specific patient or to reprogram the nodes. Security, privacy and trust issues are also addressed by the middleware (in-depth details are beyond the scope of this paper).
C. Gateway server
It connects the application to the hospital information system and handles the communication protocol functions such as authentication and authorization schemes, as well as non-intrusive patient identification. It also provides reliable communication between the monitoring devices and the main HIS.
D. Hospital information system
It serves as the major repository for patient data in the hospital/care-center/home system, depending on the care environment. HIS also contains the medical history of the patients, updated regularly by incident data such as the fall incidents to improve the learning system. The warning system is managed by the learning system using artificial intelligence techniques to find critical situations (to analyze the subject's current status, incoming data is compared with pre-recorded data). If the incoming signals have values that exceed the identified thresholds, warning signals are generated. Warning signals with different alert levels, such as high/medium/low, provide support to the management of emergency situations by care-givers. Enabling visualization on the NCS about patient critical movements supports the decision making process. False warnings, if generated, should also be recorded for improving the learning process.
E. Data mining and warning generator
This system will be developed in two independent stages, namely a training stage and a testing/validation stage, before being deployed. Prior to the development of the system, the EEG data will be curated by identifying and removing the artifacts due to muscle activities unrelated to a crisis, eye blinks and electrical noise using a similar methodology as in [12] . The system consists of a collection of association rules and thresholds that detect warning situations with the purpose of generating warning signals.
The system will be trained on a large collection of EEG/REM signals corresponding to control and patient data. The control data will be initially used as a baseline for EEG/REM sleep patterns. The patient data will be compared against the control data and will be used to automatically extract association rules and threshold signal values for events corresponding to normal sleep patterns and falls. The threshold values will be used to differentiate between normal and abnormal signals, while the rules will capture the spatial and temporal context where the thresholds become applicable. Once these thresholds are set, REM/EEG physiological data will be used to validate the system. The validation process will follow the design of experiments (DOE) methodology [13] by using blocking and randomization mechanisms to reduce unnecessary sources of variation while maintaining increased robustness and accuracy.
IV. CONTEXT-AWARE RECOGNITION
For non-intrusive monitoring, it is important to detect patient's context quickly from the data captured by the sensors. Besides, any system is considered to be context aware if it uses context to provide relevant information and/or services to the user (in this case an alert signal to the NCS), where relevancy depends on the user task/activity [9] . To monitor patients with low false alarms and efficiently, we require the system to be context-aware, autonomous and reliable. The main challenge here is to prevent false alarms for user confidence. To facilitate such a context awareness approach, a model of the contextual environments in which patients are monitored is required, e.g. hospitalward or home environment. These BSN environments will then facilitate monitoring by the identification of patient movement from brain activity (in this case from frontal (FP1, FP2, F7, F8) and central (C3, C4, Cz) portions of the brain region) responsible for motion and movements. To derive more detailed insight into the behaviour of the patients, the locational context can be integrated with the patient profile and brain regions using rich semantic metadata. This will provide additional data mining and search capacities for research physicians and data mining experts. User context will be derived from the data captured by sensors and neurosensors.
To support non-intrusive data association with a specific patient, the algorithm manages a group key for data transmission. When data is passed to the gateway, the coordinator makes sure that all the data for a group of sensors, which are attached to a single patient's body, contains a pre-accepted group key as header for a specific patient. Software tools for handheld devices shall be built to monitor the continuous and non-obstructive recognition of patients' behaviors as shown in fig. 2 .
V. ISSUES AND CHALLENGES
Some of the issues and challenges of using WSNs for patient monitoring discussed here are: energy management, distributed processing, reliability, technology, data integration and privacy-security-trust (PST) issues. Energy management: Operations in a WSN are fundamentally constrained by energy availability since nodes are battery operated. Even if periodic recharging is possible in this scenario, it is not desirable as it increases the management cost of the infrastructure. Although energy saving is a major concern at every software layer, it should be noted that communication is the most relevant source of energy drain (because of the power consumption of the radio). At the communication level, efficiency can be increased by using MAC protocols specifically designed for WSNs, such as the one described in [15] . Large part of these protocols are based on the idea of keeping the radio turned off most of the time. In synchronous protocols, the radio is turned on only at predefined times shared by communicating nodes. In asynchronous protocols, the receiver turns the radio on for a short period to check for possible transmissions coming from sender nodes (in this case there is no agreement between senders and receivers). Distributed processing: In this data gathering scenario, the information sampled at distributed sensor nodes must be communicated to central base station for collection and further analysis. To reduce the traffic on the network, despite their limited computing power, the nodes used in patient movements capture exploit their processing capabilities to partially analyze, aggregate and/or compress data before transmission. Adaptability: Since the purpose of the system is mid-term monitoring, application needs and requirements may change during time. This motivates the presence of mechanisms for supporting flexibility and adaptability of the applications executed on the sensor nodes. This can be done exploiting network reprogramming systems, that achieve maximum flexibility, or through an application adaptation layer [11] , that represents a tradeoff between energy consumption, ease of operation, and flexibility. Reliability of monitoring and message delivery: One of the most difficult challenges in monitoring using wireless networks is the reliability of the message delivery [9, 14] . The unpredictable quality and reliability could lead to difficulty in continuous monitoring and delivery of alert signals to the care-givers. Technology: Some of the technology issues to be addressed are the choice between continuous versus event-driven monitoring system. The selection of the technology affects the energy management of the sensor nodes, and the privacy issues of the patient. Possible approaches include an event-driven monitoring scheme, for energy efficient and improved privacy, or a continuous monitoring, useful to collect data for further off-line analysis. Privacy-security-trust: Maintaining the privacy of the patient data is a major challenge. This solution should also manage co-existence of wireless networks and handle the major challenge of privacy, trust and security of the patient data. Data integration: The integration of brain signal and behavioral data with context sensitive information will provide valuable repositories for subsequent correlation of behavioral patterns to genetic predisposition to dementia (links to polymorphisms in specific sets of genes are known to be involved in cognitive impairment).
Inconsistent and sparse annotation of medical data is a well known problem. Currently there are no standards for data exchange or annotation at the semantic level. In addition, there are other challenges such as: medical ethics, health standards, etc., for the delivery of the preventive care, which are addressed through regulatory boards and standard groups. Representation of medical information in the adopted health standards such as HL7, SNOMED, MDS 2.0 etc. in the geriatric care is an issue to be tackled globally. Finally, there are different types of dementia and a non-intrusive monitoring mechanism addressing all these types is a major challenge.
VI. CONCLUSION
This study initiates the development of a system for patient monitoring and the study of their behavior. PerC, which enables the operation of context-aware applications, provides here a solution for warning abnormal situations occurring during the patients' activities, such as certain types of falls in AD subjects. The continuous and unobtrusive recognition of patients' dangerous movements will be a valuable tool in the hands of the caregivers, both in a short proactive care and in long term care processes. The results of this project open this clinical application to other neurological and geriatric diseases characterized by abnormal motion and equilibrium problems. The system can be easily extended to other monitoring applications such as continuous monitoring in hospital ICUs and baby units.
